Glass fibre-reinforced polymer (GFRP) composites are extensively used now-a-days in manufacturing various components in aerospace, oil, gas and process industries. It replaces conventional materials due to their excellent properties such as light weight, corrosive resistance and superior properties. Development of predictive modeling and optimization of machining process in producing components is important for machining industries. In this work, fuzzy logic based multi response predictive model development and multi objective optimization of processes parameters using Desirability Function Analysis (DFA) in turning GFRP composite has been attempted. The input variables are cutting speed (v), feed rate (f) and depth of cut (d). The responses are surface roughness (R a ), metal removal rate (MRR) and tool wear (VB). The average percentage error in fuzzy logic prediction obtained as 2.74 %, 12.67 % and 3.06 % for R a , MMR and VB respectively. The optimum level of input parameters for composite desirability was found v 2 f 1 d 3 . The corresponding optimum parameter is v=100 m/min, f=0.10 mm/rev and d= 1.5 mm for obtaining combine optimization of R a , MRR and VB having equal weightage. The analysis of variance of composite desirability at 95% confidence level showed that depth of cut is the most significant parameter with 39.38 % contribution followed by feed and cutting speed.
Introduction
Glass fibre reinforced plastic (GFRP) composites are emerging as a reasonable substitute to stainless steel and other materials for hostile environment in different industrial applications such as aerospace, oil, gas and process industries. The prominent features include high dimensional accuracy, light weight, specific modulus of elasticity, corrosive resistance, specific strength etc. The components are produced mainly with conventional machining processes viz., turning and milling. * Corresponding author. Tel.: +0-000-000-0000 ; fax: +0-000-000-0000 .
E-mail address: mr.shivsharma@yahoo.com For economic production of the quality components the investigation on machinability, development of predictive modeling and optimization of machining process for obtaining optimum process parameters for one or more objectives is important, by Chandrasekaran et al., (2010) . Researchers have considered different optimization objectives such as minimization of production cost, maximization of metal removal rate, minimization of surface roughness, maximization of productivity, minimization of tool wear rate, etc.
target which is required to achieve by the response m total mean of composite desirability (or response) i mean of composite desirability (or response) y min , y max lower and higher value of response r weight of the response μ DO membership of output fuzzy reasoning Chang et al., (2006) investigated the machinability of GFRP materials in turning process with chamfered main cutting edge of P and K type carbide tools experimentally. He found that K type is better than the P type of chamfered main cutting edge tools. Kumar et al., (2013) performed multi response optimization in turning of GFRP composite by using carbide (K10) cutting tool. They employed Taguchi and utility concept considering the process parameters as tool nose radius, tool rake angle, feed rate, cutting speed, depth of cut and cutting environment. Surface roughness (R a ) and Material removal rate (MRR) were considered as process responses. It was found that the contribution of depth of cut (d), cutting speed (v), feed rate (f) are 37.30%, 15.54% and 15.16% respectively. Davim and Mata (2005) carried out experimental investigation on turning fibre-reinforced plastics (FRPs) by using polycrystalline diamond (PCD) cutting tool. They optimize R a through using multiple regression analysis (MRA) and reported that R a increases with f and decrease with the v. Sait (2010) attempted to optimize the multiple machining responses viz., surface roughness (R a ), machining force (F) and tool wear (VB) of GFRP pipes on both of hand lay-up and filament wound composites. They employed particle swarm optimization (PSO) and genetic algorithm (GA) as optimization tool and PSO found better compared to GA. The cutting conditions (v 1 -f 2 -d 2 ) as 100 m/min, 0.1 mm/rev., 1 mm found ideal machining conditions for the hand lay-up type and (v 2 -f 1 -d 3 ) as 150 m/min, 0.05 mm/rev., 2 mm are for the filament wound type GFRP pipes. Sait et al., (2009) conducted turning experiments on GFRP pipes with K 20 grade cemented carbide cutting tool. They are optimized multi-response characteristics to optimize surface roughness, flank wear, crater wear and machining force employing DOE, Taguchi and Desirability Function Analysis (DFA). They also used v, f and d as input parameters. Bagci and Isik (2006) has also investigated on surface roughness in turning unidirectional GFRP composite using cermet tool by employing response surface methodology (RSM) and artificial neural network (ANN) with v, f, and d as machining parameters. In this work a soft computing based fuzzy logic modeling of multiple performance characteristics and simultaneous optimization of responses to obtain optimum process parameters are obtained.
Fuzzy logic modeling
Fuzzy logic is one of the soft computing based modeling techniques developed from the concept of fuzzy set theory proposed by Zadeh (1965) . In which the machining variables/parameters are represented as linguistic terms such as low feed, medium cutting speed, high depth of cut, etc with the membership grade varies from 0 to 1. Researchers have found fuzzy modeling as one of the successful technique for development of fuzzy based intelligent system. In this work, multi response predictive model is developed using fuzzy logic in turning GFRP composites using PCD tool. The fuzzy logic modeling consists of fuzzification of variables, development of rule base and rule aggregation and prediction of responses by defuzzification. The fuzzification of variables is performed with the selection of membership function. Among different membership functions available the triangular membership function is used because of its simplicity and computational efficiency. The triangular shaped membership function for input is specified by three parameters {a, b, c} as given in (1). The fuzzy rule base consists of a group of IF-THEN statements. In the present work three input variable and it is divided into three membership function it makes 27 fuzzy rules. The experimental values of responses were used for forming the rule base. The AND (min) operator was used to combine the antecedent parts of the rules. The implication method min was used to correlate the rule consequent with its antecedent. The first rule of the FIS can be written as Rule 1: IF v is L and f is L and d is L THEN R a is M2 THEN MRR is VVL THEN VB is L. In terms of actual variables, the Rule 1 can be expressed as "IF cutting speed is Low and feed rate is Low and depth of cut is Low THEN surface roughness is Medium2 THEN MRR is Very Very Low THEN VB is Low. Similarly the entire 27 fuzzy rule are generated from output membership function.
In the present study, centroid defuzzification method has been selected. This method considers the centre of area of the possibility distribution of the inference output. The centroid of the area under the membership function is calculated according to the given as in (2). 
where DO represent the membership of output fuzzy reasoning and y the experimental response. The non-fuzzy value 0 y gives the output value in numerical form. The MATLAB fuzzy logic tool is used for the calculation and fuzzy predicted values are given in Table 1 . In this work Mamdani max-min approach is used as an inference engine. The comparison is depicted in terms of average percentage error. The avg. error percentage for R a , MRR and VB are 2.74%, 12.67% and 3.06%. 
Surface Model Variations
The variables which are more influencing on responses are shown with the help of two way interactions surface plot. The plot is used to validate the fuzzy rules and the membership functions on determining the effect of the input variables on the responses . Fig 3 (a) shows the variation of surface roughness (R a ) with cutting speed and feed rate. As cutting speed increasing R a decreases and feed rate increases the surface roughness detoriates thus increasing R a value. This is due to rapid tool movement produces poor surface finish. For minimum R a value the selection of high cutting speed and low feed rate is desired . Fig 3 (b) shows the variation of metal removal rate with cutting speed and depth of cut. The input parameters are directly proportional with MRR. Higher MRR is obtained at high cutting speed and high depth of cut . Fig 3 (c) shows the influence of tool wear (VB) on depth of cut and feed rate. It is clear from the surface plot that for minimum tool wear the feed should be low and depth of cut should be at high. 
Multiple performance optimization using desirability function analysis (DFA)
It is always been a challenging task to optimize multi response characteristics as it comprise of prolonged computation like in traditional methods. Desirability function analysis (DFA) was introduced by Derringer and Suich (1980) . DFA can solve multi response optimization problem by converting it into single response optimization problem which enable to sort the computational work. Moreover, it provides flexibility for researchers to assign different weightage to the responses as per different features are concerned like product quality, productivity, sustainability and acceptability of the product. The concept of desirability function involves the translation of the responses from its individual desirability to scale of composite desirability (overall desirability function). The DFA optimization process is used to perform through the following steps:
Step 1: Identify input parameters of the experimental design of the process. Decide the response characteristics need to be optimized.
Step 2: The collection of experimental data (for particular combination of inputs and its response) through the conduct of experiments is an important part of process modeling and optimization of parameters. For robust design, Taguchi's orthogonal array of experiments is selected based on number of parameters and levels. Select suitable OA which requires minimum number of experimental trials using (3). 
For example, 3 parameters each at 3 levels require minimum number of experiments of 7. Hence, according to Taguchi design concept L 27 orthogonal array has been selected. The fractional factorial design with standard L 27 orthogonal array design matrix is used to evaluate the process performance.
Step 3: Conduct experiments for the designed parameter combinations. Record the response parameters of the each trial.
Step 4: Calculate individual desirability (d i ) for each response using desirability functions. Each response y i is converted into an individual desirability d i such that 0≤ d i ≤1. Three forms of equations such as (i) the-smaller-thebest (SB), (ii) the-nominal-the-best (NB) and (iii) the-larger-the-best (LB) are proposed and are selected according to the response characteristics to be optimized. (i) If the response is anticipated to be minimum value then the desirability function given in (4) 
where r is weight, y min and y max are the lower and upper value respectively. If r=1 the desirability function is linear else selecting r>1 places more emphasis on being closer to the target value (T). 0 1 r makes this less important.
(ii) The desirability function for the nominal-the-best is given in (5). The value of y is required to achieve a particular target T. When the y equals to T, the desirability value equals to 1; if the departure of y exceeds a particular range from the target, the desirability value equals to 0, and such situation represents the worst case. (iii) If the response is anticipated to be maximum then the desirability function given in (6) is used. 
When the y exceeds a particular criteria value, which can be viewed as the requirement, the desirability value equals to 1; if the y is less than a particular criteria value, which is unacceptable, the desirability value equals to 0.
Step 5: The next step is to select the parameter combination that will maximize overall desirability (d G ) using (7).
where d i is the individual desirability of the response and n is the number of response in the measure. The desirable ranges from zero to one. If any of the response falls outside the desirability range, the overall function becomes zero. To reflect the difference in the importance of different response the (7) can be extended to .......
where the weight w i satisfies 0 < w i < 1 and sum of weights is equal to one.
Step 6: Determine the optimal parameter and its level combination based on the higher value of composite desirability. The higher value of d G implies better product quality.
Step 7: Perform ANOVA for obtaining the effect of input parameters on the various output performance characteristics of the process. Results of ANOVA for each response value indicate the most significant factor that affects the multiple performance characteristics.
DFA optimization for MRR, VB and R a in turning GFRP composites
In this present work an optimization of process parameters in turning GFRP composite is attempted. The experimentation was performed by Palanikumar et al., (2009) in turning of glass fibre reinforced plastic (GFRP) by using PCD tool. The design of experiment (DoE) for three factors and three levels is L 27 orthogonal array had been considered for the experimentation. The turning process variables are cutting speed (v), feed rate (f), and depth of cut (d) whereas response characteristics considered are material removal rate (MRR), tool wear (VB) and surface roughness.
At first the evaluation of individual desirability has been carried out for each response based on function smaller-the-better given in (4) which is used for minimization and larger-the-better as given in (6) used for maximization of response. Then, individual desirability (d i ) of each response characteristics are fluxed into the composite desirability (d G ) by using (6) where the equal weightage are considered for responses. Table 2 shows the evaluated individual desirability and composite desirability values for each of the experimental trials. The composite desirability has computed and the ranks are assigned to them in ascending order and it is found that the higher composite desirability value (d G =0.6094) obtained for the 21 st trial of the experiment and its corresponding cutting combination may be regarded as optimal combination which emphasize on being closer to the experimental results. To ensure the optimal combination of levels for various factors, Table 3 shows the response mean of average composite desirability function for each level and total mean of composite desirability is also evaluated. The maximum mean of composite desirability value of each level of the factors gives the optimum cutting combination which is (v 2 -f 1 -d 3 ) as shown in Table 3 . The analysis of variance (ANOVA) of composite desirability was performed at 95% confidence level to figure out the most influencing cutting parameters among v, f and d. The results depicts that the depth of cut (d) is the most significant parameter followed by feed (f) and cutting speed (v) as represented in the given Table 4 . The contour plot of composite desirability (d G ) has been plotted between two most significant parameter by keeping the third term constant at middle level (v = 100 m/min) as shown in Fig 4. The multiple response characteristic found maximum where d ranges from 1.32-1.50 mm with f from 0.10-0.142 mm/rev. This enclosed region indicates the optimum zone for all responses where MRR will be maximized while VB and R a will get minimized.
Confirmation of results
The test of confirmation is performed to determine the divergences of prediction results from the experimental data based on the obtained optimal cutting conditions of parameters for performance characteristics of turning GFRP composite as indicated (v 2 -f 1 -d 3 ) in Fig 4. The optimal desirability value (or performance characteristics) at optimum level can be determined by using (9). where, m is the total mean of the composite desirability (or response) value, i is the mean of the composite desirability (or particular response) at optimum level and q is the number of machining parameters that significantly affects the multiple performance characteristics.
The predicted results based on the optimum level are evaluated and comparisons between predicted results and experimental results have drawn in the terms of percentage error. Table 5 shows the maximum percentage of error is 16.71. 
Conclusion
Fuzzy logic modeling and DFA optimization of turning GFRP composite using PCD tool has been performed in this work. Multiple performance characteristics viz., material removal rate, surface roughness and tool wear were modeled and optimum parameters are obtained. Cutting speed, feed and depth of cut was considered as process parameters. Taguchi's L 27 orthogonal array was employed to optimize the responses. The following conclusions were drawn from this study. The fuzzy logic model found more accurate in the prediction of surface roughness and tool wear with 2.74 % and 3.06 % average error. Desirability functional analysis found very compatible to deal with multi-response optimization to obtain the optimal cutting conditions. The optimal cutting parameter combination for composite desirability reported as v 2 -f 1 -d 3 which corresponds to cutting speed of 100 m/min, feed rate of 0.10 mm/rev and depth of cut of 1.5mm. The most influencing parameter on composite desirability found to be depth of cut with 39.38 % contribution. The percentage contribution of cutting speed and feed rate reported 14.11 and 21.76 respectively. The confirmation test showed better parameter combination for surface roughness with 7.04 % error followed by 14.29 % error for MRR and 17.61 % for VB respectively.
